The identification of a constantly increasing number of genes whose mutations are causally implicated in tumor initiation and progression (cancer genes) requires the development of tools to store and analyze them.
INTRODUCTION
The pivotal role of genomic instability in causing human cancer is an old concept that dates back to the first cytogenetic studies on cancer cells (1, 2) . Until very recently, however, the number of genes whose somatic mutations are causally implicated in cancer initiation and progression was very low. This was mainly due to the difficult and lengthy process of identifying genetic modifications through traditional sequencing methods. The recent development of next-generation sequencing techniques has boosted the discovery of novel cancer genes. In the last 5 years, high-throughput mutational screenings were performed on several cancer types and led to the identification of mutations in both coding and non-coding regions of the cancer genome. So far, around 30 high-throughput and whole genome sequencing experiments on cancer samples have been published, which identified around 1500 mutated genes that are potentially actively involved in cancer development . This constant delivery of new sequencing data is radically changing our understanding of cancer genetics, showing that the genomic landscape of cancer is complex and varies among and within cancer types (31) . One way to reduce the complexity implies the identification of properties that are shared among cancer genes and distinguish them from the rest of human genes (32) . For example, cancer genes tend to be singletons, i.e. they preserve one gene copy in the genome, and to encode hubs, i.e. proteins that engage numerous physical connections with other proteins (33) . Moreover, recessive cancer genes appeared early in evolution and are involved in basic cellular processes, while oncogenes originated later and mainly act as regulators and signal transducers (34) . Thus, the identification of specific properties of cancer genes may help in better rationalizing their role in cancer. While several databases collect mutational and functional information on cancer genes, no description of their systems-level properties is currently available. The Network of Cancer Genes (NCG) was originally created to collect information on duplicability and network properties of cancer genes (35) .
Information on duplicability and network properties of cancer genes (35) . In the current version of the database (NCG 3.0), we included 1494 cancer genes that have been identified so far, and provide an update of the human gene set and the protein interactome. We also added novel features, such as the functional description of cancer genes as well as information about their interaction with microRNAs (miRNAs). Finally, we developed a new web interface to allow more intuitive and flexible queries of the database. Since properties of cancer genes can be also exploited to identify new candidates that may be involved in cancer (36) , we present a case study that involves two paralogs, the DNA methyltransferase alpha (DNMT3A) and beta (DNMT3B). On the basis of the information that can be retrieved in NCG 3.0, we hypothesize that, upon the acquisition of somatic mutations, these genes may play an active role in cancer development.
UPDATES OF DATA SOURCES
Cancer genes NCG 3.0 includes information on 1494 cancer genes that were extracted from 30 distinct studies (Table 1 ). The genes were divided into three groups, according to the experimental evidence that supported their involvement in cancer. The first group includes 498 genes from the latest release of the Cancer Gene Census (CGC, 444 genes, 31 March 2011) (37) and from the census of amplified cancer genes (77 genes) (38) . Both these resources are literature-based collections of genes whose mutations and/or amplifications have been proven to be causally implicated in tumorigenesis. Among the 444 genes from CGC, 346 are defined as dominant (i.e. heterozygous mutations are sufficient to cause tumorigenesis) and 96 as recessive (i.e. homozygous mutations are required to initiate tumorigenesis) (37) . The second group is formed of 698 candidate cancer genes from 18 high-throughput mutational screenings (HTMS) on 16 distinct cancer types, such as breast (15, 30) , colorectal (30) , pancreatic (13) (14) (15) , lung (10, 15) , renal (8) , prostatic (15) , bladder (12) , and ovarian (15) cancers, glioblastoma (20, 21) , leukemia (11), lymphoma (23), sarcoma (4), myeloma (6), medulloblastoma (22) , head and neck squamous cell carcinoma (3, 27) , and melanoma (29) . These genes represent the subsets of mutated genes that were identified as bearing driver mutations, i.e. mutations that confer growth advantage and are actively involved in tumor development (31) . The third group of cancer genes contains 457 genes that have been identified in eleven whole genome sequencing (WGS) screenings of cancer genomes, such as breast (26), lung (16, 25) , prostatic (5), liver cancer (28), glioblastoma (7), leukemia (17, 19) , myeloma (6) and melanoma (24) .
Human gene set and orthology information
We gathered information on the human gene set from the combination of Gencode v.7.0 (39) and RefSeq v. 46 (40) . Gencode is an initiative that aims at identifying and mapping all human protein coding genes (41) . It has been used as the reference gene set for the Encode project, for the 1000 Genomes Project and for the design of the capture baits for whole exome sequencing (39) . This gene set is therefore likely to include all genes present in current and future mutational screenings of whole cancer exomes. Starting from 20 700 genes in Gencode v.7.0 (corresponding to 84 408 protein sequences), we removed multiple isoforms that map to the same gene locus by aligning all protein sequences to the reference human genome (hg18) and retaining only the longest isoform (33) . At the end of this pipeline, we were able to retrieve 19 560 unique genes. The 1140 missing genes corresponded to transcripts that spanned more than one gene. To recover them, we repeated the same pipeline with 20 750 genes in RefSeq (corresponding to 34 571 protein sequences). The union of these two gene lists led to the final dataset of 20 531 unique human genes.
To measure the duplicability of each gene, we identified all additional hits on the genome that span at least 60% of the gene length (33) , and found that 4311 human genes (21% of the total) have at least one additional copy. Consistently with previous reports (33,34), we found that cancer genes duplicate significantly less than the rest of human genes (15.7% of the total, p-value= 3.0 10 À7 , Pearson's Chi-squared Test), and dominant genes are more duplicated than recessive genes ( Figure 1A and Table 1 ).
We updated the information on orthology relationships between human and other species to eggNOG v. 2.0 (42). Orthologs were used to identify the evolutionary origin of 1,466 cancer genes (98% of the total), defined as the deepest internal node of the tree of life where an ortholog could be found (34) . We confirmed that recessive cancer genes are mostly ancient genes that have orthologs in prokaryotes, plants and fungi, while a higher fraction of Table 1 . Primary data correspond to the list of cancer genes as they were extracted from the original papers. Five genes are not present in NCG 3.0 because they could not be mapped to current version of Entrez IDs. Dominant and recessive genes refer to the definition reported in the cancer gene census (37) . Ancient and recent genes refer to genes that originated between the last universal common ancestor and opisthokonts and with metazoans or later, respectively. HTMS, high-throughput mutation screening; WGS, whole genome sequencing dominant cancer genes appeared with metazoans or later ( Figure 1B and Table 1 ).
Human interaction network
We rebuilt the human interactome by integrating the latest releases of five sources of protein-protein interactions, such as HPRD (43), BioGRID (44), IntAct (45), MINT (46) and DIP (47) . Only primary interactions were used while putative interactions inferred from orthology relationships were discarded. The final dataset comprised 98 492 binary interactions between 13 531 proteins, supported by 25 915 independent publications. The resulting human interactome contains 13% more proteins and 44% more interactions than the previous version of NCG, and reports interaction data for 1189 cancer genes (79% of the total). We confirmed that cancer genes are enriched in hubs, defined as top 25% most connected proteins (at least 15 interactions) (34) , and are therefore more connected than the rest of human genes ( Figure 1C and Table 1 ).
NEW FEATURES OF NCG 3.0
Interactions between cancer gene and miRNAs miRNAs are endogenous short nucleotide sequences that interfere with RNA transcripts in the cytoplasm, thus regulating protein synthesis (48) . Alterations in miRNA expression have been reported during cancer initiation, progression and metastasis (49) . In addition, miRNAs regulate well-known cancer genes, such as PTEN, NRAS, KRAS, (48) . Because of this involvement in cancer, we included information about the interactions between miRNAs and their target cancer genes. Primary data were extracted from TarBase v.5.0 (50) and miRecords v.1.0 (51), which collect experimentally supported interactions between miRNAs and their targets. The non-redundant integration of the two databases returned a list of 54 miRNAs that regulate 118 cancer genes (8% of the total, Table 1 ). This fraction is significantly higher compared to the rest of human genes ($4%, p-value = 10 À11 , Pearson's Chi-squared Test), and becomes even higher when only recessive or dominant cancer genes are considered ($15%, Figure 1D and Table  1 ). This enrichment reflects at least partly the fact that cancer genes are heavily studied and therefore more information are available for them compared to other genes. In addition to miRNA targets, we also retrieved information on 55 cancer genes that host miRNAs within their genomic locus (Table 1) .
Functional classification of cancer genes
To derive the gene functional classification, we first extracted 1108 cancer genes (74% of all the total) that have at least one term at levels 5 and 6 of the biological process branch of the Gene Ontology (GO) tree (52) . We then grouped all these terms into 12 functional categories, in order to provide a more general description of the gene function (34) . Dominant and recessive cancer genes have different functional distributions. In particular, while dominant genes are mostly involved in the regulation of transcription, recessive genes are associated with basic cellular functions such as cell cycle, cell response to stimuli, cellular and DNA/RNA metabolism ( Figure 1E ).
Network representation
We developed a novel web interface and added several new possibilities of querying the database, thus allowing the user to search for specific cancer genes, for lists of genes and miRNAs related to cancer, and for the presence of cancer genes in genomic regions of interest. In addition, it is now possible to retrieve the interactions between a certain miRNA and the cancer genes that are associated to it, as well as all cancer genes that are miRNA targets or that host miRNAs within their genomic locus. Finally, we adopted CytoscapeWeb (53) for the visualization of protein-protein and miRNA-target interaction networks, and for displaying the evolutionary origin of cancer genes and their orthologs in other species.
IDENTIFICATION OF CANDIDATE CANCER GENES USING NCG
In addition to providing a comprehensive description of the properties of cancer genes, NCG can be used to identify new possible candidates, based on the hypothesis that genes with systems-level properties similar to known cancer genes may also play similar roles in cancer (36) . Following this idea, two almost identical paralogs, GNAQ GNA11, have recently been associated to the same tumor type (54) . Here, we hypothesize that a similar association can be drawn for DNMT3A and its paralog DNMT3B. Both these methyltransferases cause de novo methylation during the differentiation of hematopoietic cells and are involved in hematopoietic stem-cell renewal (55) . DNMT3A is an already known cancer gene, part of the cancer gene census and frequently mutated in leukemia (56) . Although its role in tumorigenesis is still unclear, it has been hypothesized that mutations in DNMT3A either induce altered gene expression or affect genome stability (56) . To date there is no evidence that also DNMT3B is mutated in cancer, although NCG 3.0 provides several indications that this might be indeed the case. First, both DNMT3A and DNMT3B originated with eukaryotes and are associated with the same GO terms, thus indicating functional redundancy. Second, the encoded proteins DNMT3A and DNMT3B share 14 interactors, which, in turn, are connected through secondary interactions (Figure 2A ). The resulting highly interconnected module involves key players in epigenetic changes of chromatin, and consequent regulation of gene expression. Third, both genes are targets of three miRNAs of the miR-29 family ( Figure 2B ). The downregulation of these miRNAs induces aberrant expression of both DNMT3A and DNMT3B in non-small-cell lung cancer (57) and the upregulation of both paralogs has been observed in several tumor types (58) . We hypothesize that the aberrant expression can be related to the acquisition of mutations in the sequence of these genes.
